The Internet has the potential to provide consumers with an access to information at significantly reduced costs. This study provides empirical evidence on the impact of health-related information available online (i.e., eHealth) on healthcare behaviors and health outcomes. Using a unique dataset on individual consumption of medical care from the Centers from Disease Control (CDC) over 2012-2014 and two-step estimation models to account for potential endogeneity, the results indicate that access to eHealth (1) promotes precautionary care (i.e., more doctor visits; more doctor type visits) over acute care; and (2) achieves superior health outcomes (i.e., shorter hospital stays). The results suggest that complementarities exist between eHealth and individuals' education levels in improving healthcare behaviors and health outcomes. The results also indicate that while many individuals search for health-related information online, they are unwilling to substitute eHealth for healthcare services unless they face particular cost constraints. The public policy implications that arise from the empirical analyses are highlighted and discussed.
Introduction
This paper examines whether individuals' access to and use of information influences their healthcare behaviors and health outcomes. In particular, it examines whether individuals who search for health-related information via the Internet (i.e., eHealth) make different health-related decisions or realize different health outcomes, in comparison to individuals who do not search for health-related information online. Healthcare behaviors are defined as those more related to precautionary care, such as the number of doctor visits, the number of different doctor type visits, and the likelihood of an HIV test. Health outcomes are defined as those more related to acute care, such as the number of emergency room (ER) visits, the number of hospitalizations, and the duration of hospital stays.
The ubiquity and use of the Internet is widespread: In 2014, more than 70 percent of the U.S. population had household-level internet access. While the impact of the Internet has been well documented in several industries -including life insurance (Zettelmeyer et al. (2006) ), automobiles (Brown and Goolsbee (2002) ), and used books (Ellison and Ellison (2014) ) -less well understood is whether and how the Internet is affecting healthcare. We first determine whether any demographic differences exist between eHealth users and noneHealth users. We anticipate that individuals without health insurance, with more limited means or access to medical care, or with chronic conditions are more likely to search for health information online. We then examine whether eHealth influences individuals' healthcare decisions or improves their subsequent health outcomes. We anticipate that eHealth users take more precautionary (versus acute) healthcare approaches and thereby realize superior health outcomes, in comparison to non-eHealth users.
The paper also examines whether eHealth is a substitute or a complement to the consumption of healthcare services. Health-related information via the Internet should decrease information search costs. On the one hand, the Internet facilitates access to information about treatment approaches. In certain cases, this information might represent a (marginally) effective substitute to healthcare services, and subsequently, decrease consumption. On the other hand, the Internet serves as a conduit through which individuals can gain understanding, identify providers and schedule appointments. In certain cases, this information might represent a sufficient complement to healthcare services, and thereby, increase consumption. We attempt to disentangle these effects by comparing individuals facing different cost conditions: (1) those with high versus low deductible health plans (i.e., direct healthcare costs); (2) those who can versus cannot afford healthcare (i.e., an overall cost proxy); and (3) those who delay versus do not delay healthcare to save money (i.e., an opportunity cost proxy).
The paper also examines the relationship between eHealth and education. Economic the-ory suggests that socioeconomic status influences health investments and behaviors (Galama and Van Kippersluis (2015) ), and among all socioeconomic indicators education is argued to have the strongest impact (e.g., Grossman (1972) , Lleras-Muney (2005) , Grossman (2006) ). Education may help individuals overcome information asymmetries -potentially by decreasing information search costs (Schultz (1975) ). Education might also increase individuals' usage and time inputs into their own health production (Grossman (1972) ). Education might also facilitate better healthcare decisions, especially if individuals undervalue or underutilize healthcare services (Kenkel (1990) ) or if physicians attempt to induce demand for their own services and exploit patients via unnecessary medical services (Dranove (1988) , McGuire (2000) ). Whether and how education and eHealth jointly determine health decisions and health outcomes are nuanced questions: One the one hand, eHealth might provide benefits similar to education (i.e., reducing information asymmetries), and thereby better inform patients about the "true" costs and benefits of treatments. Under such conditions, eHealth should have the greatest impact on lower educated individuals. On the other hand, eHealth may facilitate health information search. Under such conditions, eHealth should have a greater impact on higher educated individuals. We therefore examine this relationship directly in the empirical estimations below. To our knowledge, this paper is one of the first to analyze whether health-related information available online influences individuals' healthcare decisions and health outcomes. Several economic-oriented studies examine the impact of health information on the demand for medical services (e.g., Kenkel (1990) , Dwyer and Liu (2013) , Schmid (2015) ), or more generally examine how information access impacts various behaviors (e.g., Viscusi (1990) , Duflo and Saez (2003) , Hastings and Weinstein (2008) , Jensen (2010) , Lieberman et al. (2014) , Dinkelman and Martínez A (2014) , Wiswall and Zafar (2015) ). Our paper diverges from these studies by utilizing a different and arguably more robust measure of consumer health information via eHealth. Several medical-oriented studies examine the consumer characteristics that are associated with using the Internet for healthcare purposes (Baker et al. (2003) , Hasse et al. (2005) , Ybarra and Suman (2006) , Andreassen et al. (2007) , Santana et al. (2011) , Siliquini et al. (2011) , Dobransky and Hargittai (2012) ). Our paper diverges from these studies by considering the effects of eHealth on both healthcare behaviors and health outcomes.
To empirically investigate the impact of eHealth on individual healthcare behaviors and health outcomes, we utilize the National Health Interview Survey (NHIS) conducted by the Centers for Disease Control (CDC) . This survey provides detailed data on nearly 30,000 individuals per year and in a non-panel setting over 2012-2014. Detailed information on demographic characteristics (e.g., gender, age, race, etc.), socio-economic characteristics (e.g., education, marriage, children, home ownership, etc.), economic characteristics (e.g., employment, income, etc.), health status (e.g., disabilities, limitations, pregnancies, etc.), socio-economic status (e.g., employment, health insurance, healthcare affordability or delay, etc.) and healthcare decisions and health outcomes are collected via in-person interviews for the U.S. civilian and non-institutionalized population. We supplement this information with data from several other sources, including the American Medical Association (AMA), the Census Bureau, the Federal Communications Commission (FCC), and the Department of Health and Human Services (HHS).
Individuals' decisions to search for health information via the Internet might be correlated with their healthcare decisions and health outcomes, thereby introducing an endogeneity constraint: to the extent that eHealth promotes (or deters) healthcare consumption and influences health outcomes, uncorrected estimation risks understating (or overstating) the magnitude of these effects. Our empirical approach utilizes two-stage method of moments model developed by Terza (1998) , bivariate probit model, and two-stage tobit model to correct for potential endogeneity. The choice of the empirical estimation approach is dependent on the nature of dependent variable. Two instrumental variables are used that respectively capture Internet demand and supply: the first measures the frequency of individuals' overall (i.e., non-specific) Internet usage; and the second measures the number of county-level residential fixed high-speed broadband connections per 1000 households.
The first stage results indicate that several demographic characteristics are associated with online health information search, including age, gender, income and education. The first stage results also indicate that individuals who cannot afford healthcare or who have delayed healthcare to save money are more likely eHealth users. The instrumental variables are also demonstrative of eHealth: (1) individuals with more frequent general Internet use are more likely eHealth users; and (2) greater high-speed broadband availability increases the probability of eHealth use. The second stage results are consistent with the motivating theory: eHealth users visit doctors with a higher likelihood and greater frequency, visit more types of doctors with greater frequency, and get HIV tested with a higher likelihood, in comparison to non-eHealth users. eHealth users are also found to have shorter hospital stays, in comparison to non-eHealth users. No statistically significant differences obtain in the baseline estimation, however, around the likelihood and frequency of ER visits or the likelihood of hospitalizations between eHealth and non-eHealth users: the former result is not surprising if ER visits are considered random events; the latter result is somewhat more surprising.
The econometric results are suggestive that eHealth largely complements healthcare consumption. The marginal effect of eHealth increases: (1) the probability of visiting a doctor by eight percent; (2) the number of doctor visits per year by roughly one; (3) the number of doctor types visited per year by more than one; and (4) the probability of an HIV test by nearly 17 percent. eHealth similarly complements and improves health outcomes. The marginal effect of eHealth reduces average hospital stays by nearly 0.2 days, or roughly 45 percent of the average hospital stay. These results are thus suggestive of a marked and profound shift by eHealth users from acute care to preventative care -with subsequent health outcome benefits -in comparison to non-eHealth users.
The econometric results are also suggestive that education and eHealth are complementary in shaping healthcare behaviors and health outcomes. As education levels increase, eHealth users have higher probabilities of doctor visits, more frequent doctor visits, more doctor type visits, higher probabilities of HIV tests and shorter average hospital stays, in comparison to non-eHealth users. Moreover, the empirical results indicate that the probability and frequency of ER visits increase for lower-educated eHealth users but decrease for higher-educated eHealth users, even though the average effect is approximately zero across the entire sample. No statistically or economically significant effect of eHealth is found around hospitalizations, however, for individuals with different education levels.
Somewhat surprisingly, the empirical results indicate that only individuals who are financially-constrained (i.e. saved money on healthcare or could not afford healthcare) substitute eHealth for healthcare services. Individuals who face higher direct costs (i.e. via highdeductible health plans) do not have significantly different healthcare consumption patterns or health outcomes, compared to individuals with lower direct costs (i.e., low-deductible health plans). In short, high healthcare-related costs do not lead to the substitution of any healthcare services with eHealth. This finding might suggest that health information available online is perceived as either incomplete or unreliable, and hence patients who can still afford to visit a doctor -despite the high direct costs -are generally inclined to do so.
The econometric results underscore several implications that are directly relevant to public policy. First, health-related information available on the Internet may improve health literacy. Second, health-related information via the Internet may be of questionable accuracy and quality, which suggests some vetting and verification is necessary. Third, online healthrelated information appears to shift some proportion of healthcare consumption from acute to precautionary care and to improve health outcomes. We examine these policy-related issues in more detail below.
The rest of this paper is organized as follows: Section 2 provides a conceptual framework for our predictions around health information and its effect on consumers' healthcare behaviors and health outcomes. Section 3 details the estimation approach, providing discussion of the data sources, definition of the variables, and description of the empirical models. Section 4 presents the results. Finally, section 5 discusses policy implications, notes the potential data and estimation limitations, and concludes.
Conceptual Framework
Similar to Kenkel (1990) , we examine information asymmetry and its relationship to healthcare decisions and health outcomes. Individuals are assumed to make decisions around healthcare services to maximize their respective health production (Grossman (1972) ), based on the underlying information that they possess. While more and more accurate health information is beneficial, individuals are information-constrained which subsequently hinders healthcare decision-making and subsequent health outcomes.
For example, assume a random disease with its own production function (i.e., time to develop, severity of impact, response to treatment, etc.) and marginal product. At some point, an individual receives a signal (i.e., a symptom), but suppose that either signals are noisy or diseases have common symptoms that limit their abilities to accurately identify these conditions. Based on the perceived marginal product of the disease and the extant health information available, this individual evaluates the benefits and costs of seeking healthcare: if the benefits outweigh the costs, (s)he visits a healthcare provider; if otherwise, no such visit occurs.
Individuals with access to the Internet, however, can choose to search for health-related information that is available online. If these individuals have relatively high information search costs -e.g., low education levels or high opportunity costs -or question the credibility of online health information, such search might prove inapt. Healthcare decisions in such cases are simply based on the existing information at hand. But if these individuals have relatively low information search costs or believe eHealth correlates with superior health outcomes, search occurs and the information collected subsequently factors into their costbenefit decision calculus.
Health-related information that is available online may either facilitate or deter individuals' healthcare services consumption. In other words, eHealth and healthcare services might be complements in some cases but substitutes in other cases. For instance, individuals with higher healthcare costs (i.e., high deductible health plans) or who are more financially constrained (i.e., cannot afford healthcare or delay healthcare to save money) may willingly substitute healthcare consumption with eHealth, in comparison to individuals with lower healthcare costs or who are less financially-constrained. Moreover, individuals with higher education levels might utilize eHealth to achieve greater health literacy in preparation for a healthcare provider visit, in comparison to individuals with lower education levels. On average, if individuals undervalue the marginal productivity of healthcare then the complementarity effect dominates the substitution effect.
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If an individual decides to visit a healthcare provider, however, new information (i.e., a diagnosis) is revealed. Based on the individual's ex-ante information and the provider's ex-post determination, a certain amount of healthcare is (jointly) determined. While healthcare providers possess more (and potentially tacit) health-related information, they generally spend little time with patients and are sometimes prone to mistakes. Healthcare providers may have incentives to exploit any existing information asymmetries, moreover, and subsequently prescribe medications, suggest treatments, or implement procedures that increase consumption but yield limited benefits relative to costs (Dranove (1988) , Kenkel (1990) , Johnson and Rehavi (2016) ).
While information increases the allocative efficiency of inputs in the health production function (Grossman (1972) , Galama (2015) ), a central question is whether eHealth users experience superior health outcomes in comparison to non-eHealth users. On the one hand, access to and use of online health information might aid individuals in making better (i.e., more informed) healthcare-related decisions. More informed individuals are less likely prone to provider-induced demand and potentially better able to distinguish between favorable and unfavorable (or necessary and unnecessary) healthcare services. More informed individuals may also improve health outcomes via lifestyle changes (e.g., diet, exercise) that are often necessary in treating chronic diseases (e.g., arthritis, diabetes, obesity). For instance, evidence suggests that low-income patients that are well-informed about their conditions and treatment options are more likely to take active roles in managing their own care, which in turn results in better health outcomes.
2 On the other hand, health information available online may be inaccurate, misinterpreted, or incorrectly used. While eHealth users possess additional health-related information, it might be of questionable or limited value. It is thus not clear ex-ante whether access to online health information improves, is independent to, or worsens health outcomes. One factor likely important in determining the value of online health information to healthcare behaviors and health outcomes, however, is the level of education. Individuals with higher education levels have generally better abilities to search for and process information than individuals with lower education levels (Schultz (1975) ). The impact of eHealth 1 Health literacy has been extensively studied in the literature, but with mixed findings: Kenkel (1990) finds a positive impact of health literacy on the probability of a physician visit but no effect on the number of physician visits; Dwyer and Liu (2013) find a positive impact of information on the probability and number of physician visits; and Schmid (2015) finds a negative impact of consumer health literacy on healthcare demand.
2 See 2012 Blue Shield California Foundation study available at http://tinyurl.com/gs2wmov.
on healthcare behaviors and outcomes may therefore be more pronounced for more educated eHealth users in comparison to less educated eHealth. At the same time, more educated individuals have lower information search and processing costs. If more educated eHealth users view any information gleaned online as a marginally effective substitute to actual healthcare services, the impact of eHealth on healthcare decisions, while still pronounced, might lead to reduced health outcomes overall. We therefore examine the relationship between eHealth and education directly below. To summarize, the main hypotheses examined in this paper are as follows. First, access to health information available online changes healthcare behaviors (i.e., by partially shifting individuals consumption from acute care to precautionary care) and subsequently improves health outcomes. Second, the impact of online health information is more pronounced among higher educated individuals than lower educated individuals, given their lower information search costs and better information processing abilities. Third, individuals with higher healthcare costs or facing financial constraints are more likely to substitute eHealth for healthcare services compared to individuals with lower healthcare costs or not facing financial constraints, but only when health information available online is considered useful, accurate and reliable.
Estimation

Data and Variables
The main data are from the National Health Interview Survey (NHIS) conducted by the National Center for Health Statistics (NCHS) within the Centers for Disease Control (CDC). The NHIS collects detailed information on the demographics, socio-economics, and health status of U.S. households and household members. A subset of individuals (18+ years old) answers additional questions regarding their own healthcare approaches, health outcomes, and Internet use for general and health-related information search. The NHIS survey has collected roughly 35,000 annual observations in a non-panel setting (i.e., no repeat respondents) over 2012-2014. Interviews are conducted in person with civilian and non-institutionalized populations.
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We supplement the NHIS data with county-level data from several sources, including the American Medical Association (AMA), the Department of Health and Human Services (HHS), the Census Bureau, and the Federal Communications Commission (FCC). AMA data provide the number of active physicians in a county, which helps to control for the supply of healthcare providers. HHS data provide the number of hospital beds (in 1000s) in a county, which similarly helps to control for healthcare supply. Census data provide the population in a county and the rural population percentage in a county, which helps to control for demandlevel differences. Finally, FCC data (via Form 477) provide the number of residential fixed internet connections per 1000 households in a county, which helps to control for the supply of high-speed internet connections available.
To empirically test the arguments put forth in the conceptual framework, we first construct several dependent variables around individuals' healthcare approaches and health outcomes, using both indicator and count measures. These parameterizations allow us to not only better account for potential physician-induced demand, 4 but also more robustly estimate the impact of eHealth on healthcare behaviors and health outcomes via multiple dependent variable measures. Healthcare behavior dependent variables generally relate to precautionary care. The first measure (Number of MD Visits) and second measure (MD Visit) respectively represent a count and an indicator of doctor visits made by an individual in the previous year -the latter measure takes the value of one if at least one doctor visit was made and is zero otherwise. The third measure (Number of MD Types) represents a count of the number of different types of doctors visited by an individual in the previous year.
5 The fourth measure (HIV Test) represents an indicator of whether individuals' have ever received an HIV test. We suggest that the probability of getting tested for HIV might indicate how individuals view the benefits of early detection, and more broadly, precautionary care. Health outcome dependent variables generally relate to acute care. The first measure (Number of ER Visits) and second measure (ER Visit) respectively represent a count and an indicator of emergency room (ER) visits made by an individual in the previous year -the latter measure takes the value of one if at least one ER visit was made and is zero otherwise. The third measure (Hospitalization) represents the probability of hospitalization, taking the value of one if at least one hospital visit resulted in a hospitalization and is zero otherwise. The fourth measure (Average Hospital Stay) represents the number of hospital days per hospitalization in the past year.
The NHIS data allow for the creation of several independent and control variables. The main independent variable of interest relates to eHealth. Survey respondents indicate whether they used the Internet to search for health-related information in the past year:
eHealth takes the value of one if a positive response is indicated and zero otherwise. Several other variables provide controls for demographic characteristics (e.g., age, gender, race, etc.); socio-economic characteristics (e.g., education, marriage, children, home ownership, etc.); economic characteristics (e.g., employment, income, etc.); and health-related characteristics (e.g., limitations, disabilities, chronic diseases, status, pregnancies, etc.). Certain unhealthy behaviors (e.g., smoking) and other socio-economic conditions (e.g., healthcare affordability or healthcare delay to save) may impact healthcare behaviors and health outcomes, and are also accounted for. As health insurance similarly affects individuals' healthcare approaches and health outcomes, indicators of whether an individual is enrolled in Medicare, Medicaid, or private health insurance are also included. The NHIS data further indicate whether any health insurance in place has a high or low deductible. Finally, the NHIS data indicates whether a survey respondent uses the Internet for general search as well as their intensity of use. Categorical measures of general Internet use range from zero (i.e., non-user) to seven (i.e., > nine times per day user). With the supply of high-speed internet connections at the county level, these two variables serve as instruments to address potential endogeneity in our estimation approaches.
Descriptive Statistics
After eliminating missing data, the sample consists of more than 100,000 observations between 2012-2014. Table 1 provides short descriptions and summary statistics of the variables used in the estimations. Roughly 80 percent of the sample indicates at least one doctor visit in a given year with an average number of actual (i.e., not categorical) doctor visits between three and four.
7 Individuals visit roughly 2.5 different types of doctors in a given year, and nearly 40 percent of individuals indicate that they have received an HIV test. Around 20 percent of the sample visits the ER in a given year, with an average of less than one actual (i.e., not categorical) visit per year. Ten percent of the sample indicates that they were hospitalized in the past year, while an average hospital stay is nearly one half day. More than 40 percent of the sample indicates use of the Internet for health-related search in a given year. Table 3 disaggregates the whole sample into eHealth user, non-eHealth user, (general) Internet user, and non-Internet (also non-eHealth) user sub-samples, 8 and 6 The NHIS defines high deductible plans are those more than $1200 per person in 2012 and more than $1250 per person in 2013 and 2014.
7 All dependent variables are defined using actual numbers of healthcare services consumed or health outcomes realized, except doctor visits and ER visits which use categorical definitions. Table 2 indicates that categories range from zero (no visits) to eight(more than 16 visits).
8 eHealth users and non-eHealth users are orthogonal sub-samples. The Internet user sub-sample represents the entire eHealth user sub-sample and some of the non-eHealth user sub-sample (i.e., those who use provides descriptive statistics around healthcare behaviors and health outcomes. eHealth users (1) are more likely to visit doctors; (2) have more doctor visits; (2) have more doctor type visits; and (4) are more likely to get HIV tested, in comparison to non-eHealth users via difference in means t-tests (at the one percent level). eHealth users also (1) have lower hospitalizations and (2) have lower average hospital stays, in comparison to non-eHealth users, but no statistically significant differences obtain for these sub-samples in either an indicator or a count of ER visits.
These descriptive statistics provide some preliminary support that eHealth users favor preventative care over acute care, and that eHealth improves health outcomes. While general Internet users and non-Internet users exhibit broadly similar healthcare consumption levels in terms of doctor visits and doctor type visits, non-Internet users experience worse health outcomes via a higher likelihood of and more ER visits, a higher likelihood of hospitalization, and longer hospital stays. General Internet users likely differ from non-Internet users and the general population, however, in terms of education, income, health concerns, etc. We therefore estimate models based on the sub-sample on general Internet users as a comparison and as a robustness test below. Table 4 provides descriptive statistics for lower and upper quartile income sub-samples and low (i.e., high school degree or less) and high (i.e., college degree or more) education sub-samples. Healthcare behavior dependent variable averages between low-income and low-educated and between high-income and high-educated are broadly similar: on average, income and education are associated with higher likelihoods of doctor visits, more doctor visits, and more doctor type visits. Low-income individuals are, however, more likely to get HIV tested than high-income or low-educated individuals and at roughly the same rate as high-educated individuals. Health outcome dependent variables yield similar patterns based on income and education: lower likelihoods of ER visits, lower ER visits, lower likelihoods of hospitalizations, and lower average hospital stays. Table 5 provides descriptive statistics for racial demographic groups (i.e., white, black, hispanic); age (i.e., less than 30; more than 64); and health-status (i.e., chronic disease). Hispanics consume less healthcare services in comparison to Whites and African-Americans, which might be due to limited health insurance. African-Americans are largely comparable to Whites in terms of healthcare behaviors, but experience worse health outcomes, which again might be due to health insurance availability. Younger individuals differ significantly from older individuals in largely expected dimensions for both healthcare behaviors and health outcomes. Finally, individuals with chronic diseases not surprisingly demonstrate the largest healthcare services consumption in comparison to the other sub-samples.
the Internet, but not for health-related information search). Table 6 compares the whole sample to general internet users, by particular demographic, socio-economic and economic categories. Internet users on average have higher incomes, are more proportionally white, are better educated, and are younger in comparison to the whole sample. The percentage of females and percentage having health insurance is similar for the whole sample and general Internet users sub-sample.
Empirical Strategy
Our estimation approach accounts for selection that may arise given our empirical context: Unobserved characteristics might not only drive decisions to use the Internet for health-related information search, but also influence healthcare services consumption and subsequent health outcomes. To address potential endogeneity, we implement the following approaches: first, biprobit estimation for dichotomous dependent variables (MD Visit, HIV Test, ER Visit); second, two-stage method of moments (TSMM) estimation developed by Terza (1998) for non-negative discrete dependent variables (Number of MD Visits, Number of MD Types, Number of ER Visits); and third, two-stage tobit model estimation described in Vella (1998) for non-negative continuous dependent variables (Average Hospital Stay). We briefly describe each empirical strategy in turn.
Biprobit Estimation. Bivariate probit estimation takes into account that correlation exists in the error terms between an individual's decision to search for health information online and the individual's healthcare consumption or health outcome. The structure of this model is as follows:
where
For the models above, the cumulative probability of the bivariate normal distribution is as follows:
which we denote as Φ 2 (z, x, ρ). The corresponding density function is as follows:
To construct a log-likelihood, let q i1 = 2I i −1 and q i2 = 2y di −1 and then define s i1 = z i α, s i2 = x i β + γI i + x 1i δI i , and w ij = q ij z ij , j = 1, 2, and ρ i * = q i1 q i2 ρ. The likelihood function then becomes:
Maximizing the function above yields estimated coefficient values. 9 If ρ is significantly different from zero, then there are factors that drive individuals' decision to access health information via the Internet and to visit a healthcare specialist.
Two-Stage Method of Moments Estimation. Two-stage method of moments estimation similarly recognizes correlation exists in the error terms between individuals' eHealth and healthcare decisions. This estimation approach corrects for this correlation in two stages. The first stage estimation is a probit model that predicts eHealth use:
where z denotes a vector of observable exogenous variables (i.e., demographic, socio-economic, economic, and health-related characteristics) and two exclusion restrictions; α is a corresponding vector of unknown parameters; and v is the unobserved component of eHealth demand. The second stage estimation takes into account that the dependent variable y d is nonnegative and discrete:
9 Bivariate probit is estimated using the built-in Stata biprobit command.
where x is a vector of observable exogenous variables; I equals one for eHealth user and zero otherwise; and x 1 is a vector of cost and education variables. Equation (7) accommodates the potential endogeneity of I through direct inclusion of v in the specification of the conditional mean of y d . If θ equals zero, I is exogenous. If θ is positive, unobservable characteristics simultaneously increase the likelihood that individuals use the Internet for health-related search and the demand for healthcare services.
The model includes interactions of eHealth with both cost condition variables and education variables. The interactions of eHealth and the cost condition variables (i.e., health plan deductibles, healthcare affordability, and healthcare delay) help determine whether individuals facing higher direct, overall or opportunity costs substitute eHealth for healthcare services. The interaction of eHealth with education helps determine whether the level of education is a complement or substitute to healthcare approaches and subsequent health outcomes. The second stage applies nonlinear least squares to the following:
exp{xβ +γI +x 1 δI +θv} (9) and whereα is the first-stage probit estimate of α, is a random error term, and φ(·) and Φ(·) denote the standard normal probability density and cumulative distribution functions, respectively.
Two-Stage Tobit Estimation.
Similarly to the two-stage method of moments in the first stage we estimate probit model presented in equation (1). Then following Vella (1998) , the following generalized residual is included in the second stage:
Second stage estimation is a tobit model for non-negative dependent variables:
The approach for the dichotomous and non-negative dependent variables is similar to the count model estimation: if θ equals zero, I is exogenous; if θ exceeds zero, I is endogenous.
Identification Strategy. Two instrumental variables are used to disentangle the eHealth decisions from healthcare decisions. The first instrument (Internet Supply) is the supply of broadband Internet connections, defined as the number of county-level residential fixed connections over 200 kbps in at least one direction per 1000 households. Counties with more broadband Internet connections should exhibit more online information search (healthrelated and otherwise), but internet supply should not affect individuals' healthcare services consumption or subsequent health outcomes.
11 The second instrument (Internet Use Category) is the demand for Internet search, defined as the frequency of general (i.e., non-health specific) Internet usage. We utilize a series of dichotomous variables that represent internet use intensity categories based on NHIS respondent answers: values range from zero (i.e., non-internet user) to seven (i.e., >9 times per day internet user). More frequent Internet use should increase all kinds of information search -including those specific to health-information -but should not affect healthcare consumption or health outcomes. These instrumental variables represent a methodological innovation in the paper, and may prove fruitful in examining the impact of the Internet on individuals' behaviors and decision-making. 
Results
First Stage
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Several demographic and socio-economic characteristics are associated with searching for health information online: eHealth users are more likely older, female, wealthier and more educated, in comparison to non-eHealth users. eHealth users are less likely to be employed, but are more likely to have health insurance, to have high-deductible health plans, to find healthcare unaffordable and to delay healthcare to save money, in comparison to non-eHealth users.
The health status of an individual also determines eHealth usage. Individuals who are pregnant are more likely to use the Internet for health-related information. Individuals who self-report that they are in good or excellent health are less likely to search for health information online, in comparison to individuals who self-report poor health (i.e., the omitted category). Finally, individuals who indicate that they suffer from chronic diseases or have functional limitations are more likely to identify as eHealth users.
As healthcare supply might influence whether an individual uses the Internet for healthrelated information, we control for the number of active physicians and hospital beds (in 1000s) at the county level. eHealth users are more likely in counties with higher physician densities than in counties with lower physician densities, while hospital bed supply has no statistically significant effect.
We re-estimate the model using the general Internet user sub-sample as a robustness test. This sub-sample represents individuals who all indicate internet use (i.e., general users), but only a subset of these individuals indicate internet search that is health-related (i.e., eHealth users). Column 2 of Table 7 indicates that the empirical results are largely consistent with the results for the entire sample.
Second Stage
Healthcare Behaviors We discuss the whole sample results and general Internet sub-sample results in tandem.
In most cases, endogeneity corrections are justified as indicated by statistically significant ρ parameters for the dichotomous dependent variables (Probability of MD Visit and Probability of HIV Test), and statistically significant θ parameters for the count dependent variables (Number of MD Visits and Number of MD Types). These values are negative, which indicate that the factors that drive demand for eHealth negatively impact demand for healthcare services.
We first consider the direct effect of eHealth on healthcare behaviors. Model (1) indicates eHealth has a positive, significant, and similar effect on the probability of a doctor visit in both the whole sample and the Internet user sub-sample. These results suggest eHealth increases healthcare services demand. Marginal effects indicate that the likelihood of a doctor visit is 0.81 for non-eHealth users and 0.89 for e-Health users: an increase via eHealth of roughly eight percent. Model (2) does not find any statistically significant direct effect from eHealth on the number of doctor visits. Marginal effects do indicate a statistically significant increase via eHealth in the categorical number of doctor visits, however, by roughly 0.5. Model (3) indicates a positive and significant effect from eHealth on the number of different doctor type visits. Marginal effects indicate non-eHealth users visit roughly two distinct health specialist types while eHealth users visit nearly 2.5 types. The effects are again similar for the whole sample and Internet user sub-sample. Model (4) indicates a positive and statistically significant eHealth coefficient, suggestive of online health information increasing the probability of HIV testing. The marginal effect of eHealth is pronounced: the probability of an HIV test increases from 0.37 for non-eHealth users to 0.55 for eHealth users, or by roughly 18 percent.
We finally consider the interactive effect of health information available online and education level on healthcare behaviors. We report coefficients and standard errors following the conventional practice but caution against determining statistical or economic significance. Due to nonlinear nature of the models estimated, the significance of the interaction term cannot rely solely on the estimated coefficient and its standard error like it does in linear models. The interaction effect could be nonzero even if the coefficient of interaction term is not significantly different from zero; the interaction effect is conditional on the value of other independent variables and thus it may have different values for different values of co-variates.
13 Models (1), (3), and (4) demonstrate that the interactive effects of eHealth and education are positive but insignificant for the whole sample and Internet user subsamples. However, model (2) indicates that the interaction of eHealth and education level is positive and significant for both the whole sample and Internet user sub-sample. To determine whether the complementarities exist between eHealth and education we turn to Figures 1 (a) -1 (d) that provide marginal effects for eHealth users and non-eHealth users for the healthcare behavior results presented in Table 8 across the education level range. Figures 1 (b) and 1 (c) suggest strong complementarities exist, evidenced by the increasing spread between eHealth users and non-eHealth users as education levels increase, indicating that number of doctor visits and number of doctor types increase with the education level. Figures 1 (a) , and 1 (d) instead suggest eHealth uniformly increases the likelihood of a doctor visit, and the likelihood of HIV tests at all education levels. As eHealth users have a higher demand for healthcare services than non-eHealth users across several healthcare services measures, non-eHealth users therefore appear to undervalue the effectiveness of healthcare services and thus underutilize them. eHealth, moreover, has a larger impact on the higher educated in some cases, perhaps because these individuals possess superior information search skills (i.e., lower search costs) and/or process information more effectively. We next consider the direct effects of particular cost-related conditions, such as direct costs (i.e., health plan deductibles), indirect costs (i.e., healthcare affordability) and opportunity costs (i.e., healthcare delay), as well as their interactive effects with eHealth. Following Ai and Norton (2003) we do not rely on the significance of regression coefficient of the interaction term. Instead, we calculate marginal effects of the interaction effect and report them in the bottom of Table 8. 14 The direct and interactive effects of high deductible insurance plans are generally statistically insignificant, suggestive that individuals with higher direct costs have similar healthcare services demand as individuals with lower direct costs, ceteris paribus. Moreover, insignificant interactive effect indicates that individuals with higher direct costs are as likely to substitute eHealth for medical services as individuals with lower direct costs. Next consider the direct effect of healthcare affordability and its interactive effect with eHealth. An indicator of whether healthcare is considered unaffordable decreases the likelihood of doctor visit, but increases the number of doctor visits, the number doctor type visits, and the likelihood of HIV tests. Its interaction with eHealth decreases the number of doctor visits and doctor types, however this results only holds for the whole sample.
13 See study by Ai and Norton (2003) for more detail. 14 Marginal effect of eHealth×d, where d is a dummy variable (e.g., High-deductible P lan, Cannot Afford, Saved M oney) in the following way: we first calculate marginal effects m 1 at eHealth = 1 and d = 1 and marginal effect m 2 at eHealth = 1 and d = 0 and then calculate point estimate and standard error of m 1 − m 2 . Marginal effects of interactions are reported in the bottom of Table 8 .
Interactive effect of eHealth and affordability is statistically insignificant for the subsample of Internet users. The direct effects of healthcare delay and its interactive effect with eHealth are more interesting. An indicator of whether healthcare is delayed in order to save money increases the likelihood and number of doctor visits, the number of doctor type visits, and the likelihood of HIV tests. The interaction of this variable with eHealth, however, generally decreases the consumption of all healthcare services except the HIV testing, perhaps because HIV tests are generally free of cost. In short, eHealth appears to decrease healthcare services consumption for those individuals that face higher indirect costs -i.e., healthcare is unaffordable -or face higher opportunity costs -i.e., healthcare is delayed to save money. It therefore appears that eHealth is a substitute to healthcare consumption, but only for those individuals that face more stringent cost conditions. Table 9 provides empirical results for the impact of eHealth on health outcomes, again for the entire sample and for the Internet user sub-sample. Dependent variables include the likelihood and number of ER visits, the likelihood of hospitalization, and the average hospital stay duration (in days). Only those variables that are of primary interest are reported in the table, but all control variables are included in the estimations. State and year fixed effects are also included in each estimation, and standard errors are clustered by state and year. Marginal effects of eHealth and its interactions are again reported at the bottom of the table for each health outcome dependent variable. Similar to the healthcare behavior results, endogeneity corrections are warranted as indicated by statistically significant θ parameters for all dependent variables. These values are positive, which suggests that the factors that drive eHealth use positively impact health outcomes.
Health Outcomes
We first examine the direct effect of eHealth on health outcomes. Models (1) and (2) respectively indicate eHealth has a positive and statistically significant effect on the probability and number of ER visits for the whole sample and the Internet user sub-sample. Marginal effects around eHealth, however, are generally insignificant: the likelihoods of an ER visit is nearly identical for non-eHealth users and for e-Health users; and the categorical number of ER visits is nearly identical for non-eHealth users and for eHealth users. eHealth therefore does not appear to have a significant effect of ER visits, which is perhaps unsurprising given the random event nature of such visits. Model (3) indicates no statistically significant effect of eHealth on the probability of hospitalization. Marginal effects of eHealth on the likelihood of hospitalization are similarly underwhelming. Model (4) does indicate a negative and statistically significant eHealth coefficient, however, which is suggestive that online health information decreases average hospital stays. These results obtain in both the whole sample and Internet user sub-sample. Moreover, the marginal effects of eHealth is relatively large: average hospital stays are nearly 40 percent shorter for e-Health users in comparison to non-eHealth users for both the whole sample and Internet user subsample.
We next examine the interactive effect of eHealth and education on health outcomes. Models (1) and (2) respectively indicate that the interaction of eHealth and Education is negative and statistically significant in both the whole sample and the Internet user subsample; model (3) indicates that this interactive effect is statistically insignificant; model (4) indicates that the interaction of eHealth and Education increases average hospital stays in a statistically significant manner. As the interactive effect of eHealth and education varies across the health outcome variables, we again utilize marginal effect figures to better tease out these relationships. Figures 1 (e) and 1 (f) respectively indicate stark differences between eHealth users and non-eHealth users in ER visit likelihoods and counts across education levels: non-eHealth users are both more likely to visit ERs and have more ER visits as education levels increase, while eHealth users are both less likely to visit ERs and have less ER visits as education levels increase. At relatively low education levels (i.e., high school and below), eHealth users have higher ER visit probabilities and more ER visits than noneHealth users. At relatively high education levels (i.e., college and above), eHealth users have lower ER visit probabilities and less ER visits than non-eHealth users. These results suggest that less educated individuals might opt for the ER as their primary healthcare provider while more educated individuals might be better able to assess risks and visit the ER only in the case of legitimate emergencies, although eHealth conditions these effects. Figure 1 (g) indicates slight increases in the probabilities of hospitalization as education levels increase for both non-eHealth users and eHealth users. These effects are nevertheless statistically and economically indifferent from each other. Figure 1 (h) indicates lower average hospital stays for eHealth users in comparison to non-eHealth users across the entire education level range. This result is likely driven by the effect of eHealth on individual healthcare behaviors: if eHealth users are more likely to consume healthcare services, then they are more likely healthier prior to any hospitalization, ceteris paribus.
We next consider the direct effects of particular cost-related conditions -i.e., direct, indirect, and opportunity costs -as well as their interactive effects with eHealth on health outcomes. Direct effects of high deductible insurance plans -a direct healthcare cost -are generally statistically insignificant, except for increasing the likelihood of hospitalization. According to marginal effect reported at the bottom of Table 9 , interactive effects of high deductible plans and eHealth are statistically insignificant for all dependent variables except average hospital stay. Interactive effect of eHealth and high-deductible plan is positive and significant, meaning that eHealth users with high-deductible plans have longer average hospital stays than eHealth users with low-deductible plans possibly because they consume less than optimal amount of healthcare services due to high price. Direct effects of healthcare affordability -an indirect cost -are positive and statistically significant, suggestive that those individuals who indicate they cannot afford healthcare realize worse health outcomes. The interactive effect of healthcare affordability with eHealth is negative and statistically significant for ER visit likelihoods and average hospital stays -results which suggest that those individuals who find healthcare unaffordable put off preventative care, instead utilize eHealth, and subsequently realize better health outcomes. Direct effects of healthcare delay -an opportunity cost -are positive and statistically significant, and similarly suggest that individuals who delay preventative healthcare realize worse acute healthcare outcomes. The interactive effect of this variable with eHealth suggests, however, overall improvements in health outcomes.
Finally, other significant determinants of health outcomes worthy of mention are age and insurance. Age decreases the probability and number of ER visits; the probability of hospitalization and average hospital stay duration in a statistically significant manner. By contrast, insurance increases the probability and number of ER visits; the probability of hospitalization and average hospital stay duration.
Discussion and Conclusion
Our empirical analyses offer four main findings. First, eHealth users are distinct from non-eHealth users in several demographic, socio-economic, and economic characteristics. The first stage results indicate eHealth users are more likely older, female, affluent, and educated, in comparison to non-eHealth users. eHealth users are also more likely to have insurance, to find health insurance unaffordable, and to delay healthcare because of the associated costs. Second, eHealth users take different healthcare approaches and realize superior health outcomes, in comparison to non-eHealth users. The second stage results indicate eHealth users are more likely to visit doctors, have more doctor visits, have more doctor type visits, and are more likely to get HIV tested, in comparison to non-eHealth users. eHealth users are also found to have shorter hospital stays than non-eHealth users. These econometric results suggest overall that eHealth largely complements healthcare services consumption: The marginal effect of eHealth increases the probability of visiting a doctor by eight percent; the number of doctor visits per year by roughly one; the number of doctor type visits per year by more than one; and the probability of an HIV test by nearly 18 percent. eHealth similarly complements and improves health outcomes: the marginal effect of eHealth reduces an average hospital stay by nearly 40 percent. eHealth therefore appears to shift individ-uals from acute healthcare approaches to preventative healthcare care, which subsequently provides health outcome benefits.
Third, eHealth and education have a largely complementary role in shaping healthcare behaviors and affecting health outcomes. As education levels increase, eHealth users have increasingly more doctor visits, visit more types of doctors, lower probability of ER visit, fewer ER visits, and shorter average hospital stays, in comparison to non-eHealth users.
Fourth, eHealth and particular cost conditions have a largely substitutive role in influencing healthcare behaviors and health outcomes. High versus low deductible plans do not appear to have any significant effects on healthcare behaviors or health outcomes, while the affordability of healthcare and the delay of healthcare have large effects. eHealth appears to decrease healthcare services consumption for those individuals that indicate healthcare is unaffordable -i.e., they face higher indirect costs and for those individuals that indicate they delay healthcare to save money -i.e., they face higher opportunity costs. It therefore appears that eHealth is a substitute to healthcare consumption, but only for those individuals that face more stringent cost conditions. At the same time, eHealth appears to improve health outcomes for these individuals. Although individuals who cannot afford or delay healthcare have worse health outcomes, the interactive effect with eHealth generally improves these effects.
This paper is not without limitations. With respect to the NHIS data, several concerns are prevalent: First, we neither observe how much time individuals spend online nor do we observe what information they search for. The NHIS only indicates that an individual searched online for health-related information. Individuals who search for health information many times in a given year are treated identically to those individuals who search a single time. Second, reverse causality might exist. In particular, individuals might search online for information right after a doctor visit. We make efforts to account for this possibility in our estimation methodologies. Third, we cannot account for some other household member conducting research online for another household member, because questions are answered by a single individual in the household. Fourth, we do not observe the sample individuals over time, given the non-panel construction of the NHIS data. While the NHIS data offer a large sample size and can be linked to other data sets via geo-codes, the empirical setting is unique and somewhat nuanced. We do our best to control for individual health conditions (e.g., pregnancy, chronic disease, physical limitation, health status) and other potential healthrelated information sources (e.g., healthcare provider supply), but recognize eHealth is just one of several available measures.
Our empirical analysis attempts to correct for potential endogeneity: theory suggests that eHealth use is correlated with healthcare behaviors and health outcomes. Any estimation that does not correct for this possibility risks understating or overstating the magnitude of these effects. We address endogeneity using two instrumental variables that respectively capture Internet demand and supply: the first measures the frequency of individuals' overall (i.e., non-health related) Internet usage; and the second measures the number of county-level residential fixed high-speed broadband connections per 1000 households. The instrumental variables introduced are demonstrative of eHealth use: (1) individuals with more frequent general Internet use are more likely eHealth users; and (2) greater high-speed broadband availability increases the probability of eHealth use. F-tests for joint significance indicate the exclusion restrictions are effective.
The econometric results underscore several implications that are directly relevant to public policy. First, health-related information available on the Internet may improve health literacy: especially in those areas or for those individuals that are either under-served, have limited to no insurance, or face more limited means. Our econometric results provide some justification for broadband deployment subsidies in such areas, given the profound effects on healthcare services consumption and health outcomes.
Second, health-related information via the Internet may be of questionable accuracy and quality. While our results suggest eHealth users are more proactive in terms of their healthcare approaches, there are obvious benefits to the health-related information that is available online being vetted and verified -potentially through industry consortia; industry self-regulation; government agency regulation; or some combination.
Third, online health-related information appears to shift some portion of healthcare consumption from acute care to precautionary care (e.g., via increased doctor visits and doctor type visits) and to improve health outcomes (e.g., via reduced hospital stays). As hospital stays are orders of magnitude more expensive than typical doctor visits, it would seem that providers (i.e., hospitals) and insurance companies have vested interests in: (1) increasing the deployment of broadband technologies, and (2) insuring the health information available online is timely and accurate. Such a process would provide inherent benefits to consumers, but simultaneously raises important and unanswered questions for practitioners and policymakers around implementation and governance. Note: * indicates statistically significant differences in sample means among eHealth users (column (2)) and non-eHealth users (column (3)) at 1 % significance level based on t-test. Note: Low-income individuals are living in a family with the ratio of family income to the poverty threshold less or equal to 1.302 (lower quartile). High-income individuals are living in a family with the ratio of family income to the poverty threshold above or equal to 4.660 (upper quartile). Note: The model includes all controls from the first stage presented in table 6, excluding Internet Use Category 1 -Internet Use Category 7 and Internet Supply. Models (1) and (4) are estimated using biprobit Stata command, and models (2) and (3) are estimated using etpoisson Stata command. .75
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